An open tool for creating battery-electric vehicle time series from
  empirical data: emobpy by Gaete-Morales, Carlos et al.
An open tool for creating battery-electric vehicle time series from
empirical data: emobpy
Carlos Gaete-Morales1, Hendrik Kramer2, Wolf-Peter Schill3, and Alexander Zerrahn4
1German Institute for Economic Research (DIW Berlin), Mohrenstr. 58, D-10117 Berlin, Germany,
cgaete@diw.de.
2Technische Universita¨t Berlin, D-10623 Berlin, Germany, hk@wip.tu-berlin.de.
3German Institute for Economic Research (DIW Berlin), Mohrenstr. 58, D-10117 Berlin, Germany,
wschill@diw.de.
4German Institute for Economic Research (DIW Berlin), Mohrenstr. 58, D-10117 Berlin, Germany,
azerrahn@diw.de.
May 7, 2020
Abstract
There is substantial research interest in how future fleets of battery-electric vehicles will interact
with the power sector. To this end, various types of energy models depend on meaningful input
parameters, in particular on time series of BEV motor electricity consumption, grid availability, and
grid electricity demand. As the availability of such data is highly limited, we introduce the open-
source tool emobpy. Based on mobility statistics and customizable assumptions, it derives time series
data that can readily be used in a wide range of applications. For an illustration, we create and
characterize 200 BEV profiles for Germany. Depending on the hour of the day, a fleet of one million
BEV has a median grid availability between around 5 and 7 GW, as vehicles are parking most of the
time. Four exemplary grid electricity demand time series illustrate the smoothing effect of balanced
charging strategies.
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1 INTRODUCTION
1 Introduction
Driven by technology development as well as energy and climate policy measures, the number of battery-
electric vehicles (BEV) is ramping up in many countries around the world [1]. Growing BEV fleets can
have substantial impacts on the power sector. They increase the electric load, but may also provide
temporal flexibility for integrating variable renewable energy sources and contribute to decarbonizing
transportation [2].
Many model-based analyses investigate potential power sector interactions of future BEV fleets [3, 4,
5]. Such analyses crucially depend on a meaningful representation of electric vehicles’ mobility patterns
– specifically, time series of BEV motor electricity consumption, grid availability, and grid electricity
demand. However, such data is often not publicly available. In general, empirical data are scarce because
BEV fleets are still small in most countries. And if respective time series are available, they are often
specific to the conditions in which the data was collected and subject to data protection provisions.
Studies on the role of BEV in the future power sector implement different approaches how to deal with
these data limitations. Early studies make stylized assumptions. For example, the seminal article on the
vehicle-to-grid concept assumes a very coarse pattern of BEV charging availability [6]. Further analyses
derive data from mobility statistics, but often lack transparency and reproducibility, and are generally
idiosyncratic with respect to geographic characteristics or assumed driver behavior. For example, model-
based analyses on the power sector effects of different charging strategies use driving patterns derived
from Finnish transport statistics [7] or German mobility statistics [8], a study of BEV emission impacts
in Beijing draws on average hourly charging probabilities for exemplary days from Chinese statistics [9],
and a Canadian case study uses three-day driving diaries [10]. All of these studies lack a detailed
documentation of BEV-related input data. Other analyses, such as [11], use field trial data that is not
publicly available.
Following [3], we thus argue that new models are needed to derive relevant time series in a transparent
and flexible way. First steps have been made in this direction [12, 13, 14]; yet, while generated data
are publicly available, the underlying models or tools are not. To fill this gap, we introduce the open-
source python-based tool emobpy. Based on empirical mobility statistics and customizable assumptions,
emobpy creates meaningful and empirically founded input data that can be used in a wide range of model
applications in energy, environmental, and economic studies. At the same time, it grants researchers
sufficient degrees of freedom to make custom assumption for their specific subject of investigation.
Based on empirical data, emobpy generates BEV profiles that represent the mobility patterns of individ-
uals, with the option of differentiating the types of drivers. The model creates three types of time series
that together constitute a BEV profile:
(i) motor electricity consumption while the BEV is driving, and vehicle locations during parking;
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(ii) grid availability, including the type of charging station and its power rating; and
(iii) grid electricity demand to charge the battery for different charging strategies.
Energy models that do not endogenously determine the grid interactions of BEV require exogenous charg-
ing data (iii), while others that endogenously determine the timing of charging from (and, potentially,
discharging to) the grid require (i) and (ii).
The time resolution of the generated time series is customizable and depends on the statistics available.
In the application presented here, the model generates half-hourly time series over one year. For visu-
alization, we aggregate these to hourly time series in the application presented here, which is also the
standard time resolution of many energy models.
For the first two types of time series, emobpy requires input data. For the motor electricity consumption
time series, the essential data are relative frequencies of (a) different driver types, i.e., commuters who
have a regular trip to work or non-commuters, (b) the number of trips per day, (c) the destination of
trips, (d) the length of trips, and (e) the departure hours.
Additional constraints make sure that emobpy does not generate implausible time series. To avoid
inconsistent day trips, we specify a minimum number of hours at home and a maximum time at work,
and require the last trip of the be headed to home. For the grid availability time series, the model requires
data or assumptions on the power rating of charging stations at different generic locations and availability
probabilities.
The grid electricity demand time series (iii) depends on both the motor electricity consumption time
series (i) and the grid availability time series (ii). Similarly, the grid availability time series (ii) depends
on motor electricity consumption and vehicle locations time series (i). Therefore, the motor electricity
consumption time series is created first as shown in Figure 1.
emobpy is designed to create as many profiles as desired. Different input data or custom assumptions
allow for a wide range of scenarios. For illustration, we apply emobpy to German mobility data to
create 200 exemplary vehicle profiles consisting of hourly time series for a full year.
Figure 1: Input parameters considered to generate time series and scenarios
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2 Results
2.1 Application to Germany
For our application, we draw on the comprehensive German mobility survey Mobilita¨t in Deutschland [Mo-
bility in Germany, 15]. The survey features mobility data relating to different types of households, ve-
hicles, individuals, and trips. For the data at hand, we make three initial assumptions: first, we assume
that individuals with access to a vehicle carry out all their trips with the same vehicle; second, we assume
that future BEV drivers have similar mobility patterns as current ICEV drivers covered by the underlying
mobility statistics; third, for simplicity and tractability, we assume that BEV do not differ with respect to
battery size and electricity consumption. As such, all of these assumptions could be modified in emobpy.
We generate 200 BEV profiles, each with three time series. We focus on two types of drivers: com-
muters (62% of all drivers) and non-commuters (38% of all drivers), referred to as free-time individuals.
For commuters, we further differentiate between full-time and part-time employees, with a split of 78
to 22 % [16]. We exclude commuting students, apprentices, and trainees, who represent only a small
share of all commuters in the initial data set. The amount of trips per day varies between 0 - 5 with
different probabilities for different types of drivers (Table 1).
Table 1: Probability distribution in % for the amount of trips per day by type of driver
Number of trips Commuter Non-commuter
0 43 8
1 0 0
2 28 67
3 8 0
4 11 15
5 11 11
Note: Data adapted from [15].
The trip distance follows a probability distribution derived from the input data and varies by destination
of the trip (Table 2). Following the input data, we consider six trip destinations: workplace, shopping,
errands, escort, leisure, and home. Errands consist of, for example, a visit to the doctor or a visit to the
authorities. In the case of escort destinations, the driver transports another person, for example children.
Because of the model’s time resolution, we cap the maximum distance travelled per trip at 150 km.
To translate the trip length into motor electricity consumption, we generally assume a ratio of 18 kWh
per 100 km.
The probability of departure times is specific to the trip destination, type of driver, and day of the week
(Table 3). It is distributed according to the input data. A set of rules is implemented in this case study
to select only consistent day trips. The rules are applied depending on day of the week and type of driver
(Table 4).
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Table 2: Probability distribution in % for the distance travelled by trip, differentiated by destination
Trip destination
Distance Workplace Shopping Errands Escort Leisure Home
1 - 2 km 7.0 30.0 20.0 27.0 14.0 17.0
2 - 5 km 16.0 33.0 27.0 30.0 24.0 24.0
5 - 10 km 21.0 20.0 21.0 21.0 21.0 21.0
10 - 20 km 28.0 10.9 17.0 14.0 19.0 19.0
20 - 50 km 23.0 5.0 11.0 6.0 14.0 14.0
50 - 100 km 4.0 1.0 2.0 1.0 4.0 3.0
100 - 150 km 1.0 0.1 2.0 1.0 4.0 2.0
Note: Data adapted from [15]. Numbers rounded to one decimal.
Table 3: Joint probability distribution in % for trip destinations and departure times, differentiated for
commuters and non-commuters and days of the week
Work-
place
Shopping Errands Escort Leisure Home
Commuter yes yes no yes no yes no yes no yes no
Departure Working days
05:00-08:00 11.1 0.5 0.7 0.5 0.7 1.1 0.7 0.5 0.7 0.8 0.7
08:00-10:00 3.1 1.8 4.5 1.4 4.1 0.8 0.9 1.4 3.2 1.8 3.6
10:00-13:00 1.3 2.7 6.7 2.3 5.4 0.7 1.3 3.2 4.7 5.5 11.7
13:00-16:00 1.1 2.5 3.7 2.2 4.0 1.8 1.5 3.8 5.9 8.9 8.2
16:00-19:00 0.3 3.0 1.9 2.2 2.2 1.4 1.0 4.9 4.5 14.0 9.3
19:00-22:00 0.3 0.4 0.1 0.6 0.4 0.4 0.3 2.4 1.5 6.1 4.0
22:00-05:00 0.6 0.0 0.0 0.1 0.1 0.1 0.1 0.4 0.2 2.4 1.3
Saturday
05:00-08:00 0.9 1.2 1.2 0.3 0.3 0.2 0.2 0.8 0.8 0.8 0.8
08:00-10:00 0.5 4.8 4.9 1.9 2.0 0.7 0.7 2.7 2.8 3.0 3.1
10:00-13:00 0.4 7.1 7.3 3.5 3.6 1.4 1.5 5.2 5.4 9.1 9.3
13:00-16:00 0.2 3.4 3.5 2.5 2.6 1.2 1.2 7.0 7.1 7.6 7.8
16:00-19:00 0.1 2.3 2.4 1.7 1.7 1.1 1.1 6.0 6.1 9.5 9.7
19:00-22:00 0.1 0.4 0.4 0.5 0.5 0.4 0.4 2.5 2.6 4.9 5.0
22:00-05:00 0.2 0.0 0.0 0.1 0.1 0.2 0.2 0.8 0.8 3.0 3.1
Sunday
05:00-08:00 0.8 0.3 0.3 0.2 0.2 0.1 0.1 0.8 0.8 0.4 0.4
08:00-10:00 0.4 1.5 1.5 1.4 1.5 0.6 0.6 4.8 4.9 2.0 2.1
10:00-13:00 0.3 0.7 0.7 2.8 2.8 1.3 1.3 11.7 11.9 7.2 7.4
13:00-16:00 0.3 0.5 0.5 2.6 2.6 1.4 1.4 13.7 14.0 8.8 9.0
16:00-19:00 0.2 0.2 0.2 1.8 1.9 1.0 1.0 6.8 7.0 13.3 13.6
19:00-22:00 0.2 0.1 0.1 0.5 0.5 0.4 0.5 2.0 2.1 6.4 6.6
22:00-05:00 0.1 0.0 0.0 0.1 0.1 0.1 0.1 0.4 0.4 2.0 2.1
Note: Data adapted from [15]. Numbers rounded to one decimal.
Based on the trip destination and distance, in each time step, a vehicle is either driving in case a trip
takes place, or is in one of the locations workplace, shopping, and so on. Depending on the vehicle
location, a charging station to connect the vehicle to the grid may be available with a location-specific
power rating. The availability of charging stations may either come from the respective input data or be
set by assumption. For this application, we assume four generic types of charging stations with different
probability distributions for each vehicle location. The charging stations are at home, in the public area or
at the workplace, or none is available. Respective power ratings are 3.6, 22, 11, and 0 kW, based on [17].
Charging efficiency is set to 90%, and the vehicle battery storage capacity is assumed to be 40 kWh.
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Table 4: Rules implemented to select consistent day trips
When at home, 81% of all drivers park their vehicles in a carport or garage and 19% on public streets
according to [15]. For the group of vehicle profiles that have a carport at home we assume a 100%
probability of charging availability. For those without a private charging station, we assume a probability
of 50% to find a public charging station and 50% of finding none. For commuters, we assume three charging
groups with different grid connection opportunities during work hours: charging at the workplace, charging
in the public area, or none. When commuters park their BEV at the workplace, we assume that 50%
of them can charge their vehicles there, with a 100% probability of finding a charging station; 25%
of commuters charge in a public area, with a 50% probability of finding a charging station; and the
remaining 25% of commuters are assumed to have a 100% probability of not having a charging station
available during work hours (none). For the vehicle locations shopping, errands, escort, and leisure, we
assume a probability of 50% to find a public charging station and 50% to find none. When driving, grid
connection is not available.
To derive time series of BEV grid electricity demand, we apply four exemplary charging strategies. None
of the four charging strategies requires actual or forecast power sector situations or market prices:
• immediate - full capacity : BEV charge their batteries at full power rating as soon as they arrive
at charging stations. Charging stops when the battery is full, or when the next trip starts. This
mimics a setting where drivers have no incentives and/or no technical possibility to charge their
vehicle batteries in a way more oriented to the electricity market or network situation.
• immediate - balanced : BEV start charging their batteries as soon as they arrive at charging stations,
however with constant power (usually below the power rating of the charging point), such that a
100% state of charge is reached just before starting the next trip, assuming perfect foresight of the
5
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next departure time. This approximates a smoother and potentially more system-oriented charging
behaviour.
• at home - balanced : similar to the previous charging strategy, but BEV only charge at home, even
when additional charging options are available at other locations. This reflects a preference or
economic incentive for home charging.
• at home night-time - balanced : similar to the previous charging strategy, but with charging time
restricted to the time window between 23:00 and 8:00. This mimics the effect of potential tariff
incentives for night-time (off-peak) charging.
2.2 Motor electricity consumption and vehicle locations
Figure 2: Simulated time series of vehicle locations (top panel) and motor electricity consumption (bottom
panel) of one million BEV, given as averages and box plots for each hour of the week
Figure 2 shows a summary of all 200 simulated motor electricity consumption time series. For each
hour, vehicle locations are averaged over all profiles and weeks of the year. Hourly motor electricity
consumption is summarized in box plots, rendering the dispersion over the simulated profiles through the
weeks of the year. All numbers are linearly scaled up to represent one million BEV.
Most of the time, vehicles are parking (top panel). At night, between 23:00 and 5:00, more than 96% of
the fleet are, on average, at home. During daytime, a large proportion of vehicles is at the workplace,
peaking at 46% at 11:00 on working days. During weekends, more vehicles stay at home, and the shares
of shopping, errands, escort, and leisure increase. Every day between 6:00 and 22:00, at least 3% of the
fleet are driving, with two peaks at around 8:00 and 15:00 with about 9% of the fleet driving.
The overall hourly motor electricity consumption of one million BEV peaks at 8:00 during working days
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with an annual median above, on average, 700 MWh and an absolute maximum at 17:00 of 1070 MWh
(bottom panel). During the weekend, overall consumption is lower with high variation through the weeks.
2.3 Grid availability
Figure 3: Simulated time series summarized on types of charging stations (top panel) and grid-connected
power rating (bottom panel) of one million BEV, given as averages and box plots for each hour of the
week.
Figure 3 shows the cumulative simulated grid availability time series. On working days, the time series
on the types of charging stations have a recurring pattern (top panel) that corresponds to the pattern of
vehicle locations. The share of vehicles with a charging station available reaches a 90% peak between 3:00
and 5:00 at night. Around 80% of vehicles are connected at home and 10% on a public street. The lowest
share is between 11:00 and 12:00, with an average availability of 65%. During daytime, a relevant
proportion of available charging stations is at the workplace. On weekends, the charging station time
series is less peaky, with higher proportions at home and on public streets during daytime.
The grid-connected power rating is lowest between 19:00 and 8:00, with a median between 5.0 and 5.6 GW
for a fleet of one million BEV (bottom panel). This is due to the high assumed penetration of home
charging stations with a low capacity of 3.6 kW. During daytime, the median grid-connected power rating
is greater than 7 GW because charging stations available either at the workplace or in public areas have
a capacity of 11 and 22 kW, respectively.
2.4 Grid electricity demand
Figure 4 summarizes grid electricity demand time series for the four exemplary charging strategies. The
immediate - full capacity charging strategy leads to a volatile cumulative BEV grid electricity demand
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Figure 4: Simulated grid electricity demand time series for a fleet of one million BEV for four charging
strategies, summarized in box plots for each hour of the week.
both over the week and over the year, reflected by a strong diurnal pattern, a high variance of the
medians as well as large interquartile ranges. A distinctive peak of hourly electricity demand from the
grid, with median values above 645 MWh and maxima above 850 MWh for a fleet of one million BEV,
occurs in working day afternoons between 16:00 and 18:00 when many vehicles arrive at home and charge
immediately at full power rating. As the entire BEV fleet is assumed to charge similarly in this scenario,
this substantially adds to the evening peak of electric load. Such a charging strategy may thus have
substantial repercussions on the power sector and electricity consumers.
The immediate - balanced and at home - balanced charging strategies exhibit smoother temporal grid
electricity demand patterns with lower peaks because vehicles do not get charged at full capacity rating
once they reach a charging station. Both the variance of medians and (interquartile) ranges are lower.
Likewise, hourly consumption of the one million BEV fleet rarely exceeds 500 MWh. During weekdays,
fluctuations are more pronounced for at home - balanced, as most vehicles are at home every night.
Compared to immediate - full capacity, such smoother charging may be more compatible with the power
sector.
The at home night-time - balanced charging strategy shows a distinct load peak at working day nights,
with median hourly grid electricity demand of the one million BEV fleet exceeding 700 MWh. Between
Friday evening and Monday morning, the demand at night-time is lower than 500 MWh because the
vehicles are less used on weekends than on working days. According regulatory measures that shift BEV
charging to night-time periods would lead to substantially less smooth patterns compared to all-day
charging. Yet the power sector implications of these charging strategies are less clear and should be
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investigated in detail with dedicated energy models.
3 Discussion
The open-source tool emobpy allows to derive electric mobility time series from empirical mobility data
in a transparent and customizable way. The central outputs are profiles for individual BEV, consisting
of three basic types of half-hourly time series covering a full year: motor electricity consumption, grid
availability, and grid electricity demand. The number of vehicle profiles can be freely chosen. A greater
number of profiles represents a large and diverse BEV fleet more realistically, yet may lead to greater
computational burden when using the time series in energy model applications. Users may customize the
tool and alter both the German mobility data used here and the various assumptions we made such as
the shares of driver types or the availability and power rating of charging stations.
The generated vehicle profiles can be used as inputs for a wide range of model analyses of electrified and
substantially decarbonized mobility futures. Research questions in energy, environmental, and economic
studies requiring temporally detailed data of BEV are abundant. These comprise the role of BEV as
flexibility resource to make efficient use of renewable electricity, emission effects of electric mobility, the
impact of new loads from BEV on electricity prices or electricity market repercussions of optimized versus
user-driven charging schedules.
Several limitations offer scope for future research. First, the object of study in emobpy is the vehicle. Ad-
dressing the individual choice of the modal split or its aggregate would be an interesting complementary
approach. This would also allow to relax the assumption that all trips are made with the same vehicle.
Second, emobpy draws on past mobility behavior data that does not necessarily reflect future mobility be-
havior. While this is a generic issue in ex-ante analyses, the model is flexible to accommodate alternative
assumptions on future or counterfactual scenarios. Third, using input data on the length and destination
of trips, emobpy determines vehicle locations as background variables for creating a BEV profile. While
this is a convenient approach to simulate temporal variation, it has no explicit spatial resolution. We
argue that this is a minor drawback because many energy, environmental, and economic models rather
address a macro perspective without zooming into fine spatial detail. Further, we exclude a group of
drivers that have a service trip destination according to [15]. This refers to numerous work-related trips
per day, e.g., taxi drivers, which is conceptually challenging to model in our current framework. Next, as
a simplification, emobpy does not consider the vehicle speed and resulting variations in motor electricity
consumption and trip lengths. Finally, we assume that vehicles do not differ with respect to battery size
and specific energy consumption in this illustrative first application. As we publish the code open-source
under a permissive license, we expect that future and potentially collaborative development could address
these points.
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One BEV profile consists of three time series, with the time series of grid availability and grid electricity
demand based on the motor electricity consumption time series.
4.1 Motor electricity consumption and vehicle locations
Figure 5 shows a flow diagram of how emobpy creates the time series of motor electricity consumption.
Empirical data or own assumptions must be used for the split between commuters and non-commuters,
and the user may specify the time frame as a number of total weeks that emobpy should create. Also, a
reference date can be provided to identify the day of the week, which is useful when the input statistics
discriminate between weekdays. Three statistics that contain the number of day trips, destinations and
departure times, and trip distances are provided to the model. Further, a set of rules is provided to
ensure that the sequence of trips in a day is plausible.
The function Select Tour creates a plausible day tour. Its output is a chronologically sorted list of trips,
where each trip is represented as an edge of two locations (origin and destination) with departure time
and distance travelled as attributes. This function appears in two parts of the code as displayed in the
left-hand side of Figure 5. First, the model selects recurrent edges which are trips that repeat on a regular
basis through the weeks. The recurrent edges are those from home to workplace for commuters and those
from home to a selected destination for non-commuters, depending on the underlying mobility statistics.
Since these edges initially do not exist, they are determined by running the Select Tour function in the
first instance. The function returns a day tour from which the recurrent edges are extracted and saved.
Later, they are called from the same function when the day tours are created through the weeks and
days.
Every day the function Select Tour is called. First, a number of trips for the current day is obtained by
taking a sample based on the probability distribution that matches the type of driver. Once a number
of trips is assigned, the next step is identifying whether the driver type is a commuter or not. When it
is a commuter, the recurrent edges are attached to an empty tour and the remaining trips are sampled
by using the probability distribution. At this stage, the trips are stored sequentially. The probability
distribution is organized as pairs of destination and departure time (destination-departure time). The
sampling consists of selecting one pair at a time stochastically, following the probability distribution.
Before running a new sample to get the next pair, the model removes from the statistics all the pairs that
contain the same departure time of the already selected pairs and the probability of the remaining pairs are
normalized to add up to 100% again. This avoids selecting in the next sampling a destination-departure
time pair with the same departure time as one of the already existing pairs. Once the total amount of
pairs matches the number of daily trips, the sampling stops and the pairs are ordered chronologically,
i.e., the pair with the earliest departure time comes first.
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Then, the trips (edges) are created, as described above, by establishing an origin-destination edge with
its departure time as an attribute. The duration time at each location is calculated from the previous
trip departure time. The duration time is one of the values that are evaluated in the next step that
consists of testing all constraints. Here, the set of rules provided helps to evaluate the feasibility of the
tour. Important constraints such as the minimum time at the workplace or last trip to home are part of
the set of rules. All constraints must be satisfied, or the current tour is deleted and the process starts
again until a tour complies with all the rules.
When a day tour passes the test, the distance travelled is determined stochastically for each trip, taking
into account the probability distribution that is included in the trip distance statistics. The distances
travelled are provided to the respective trips in the current tour. Here the model also verifies that the
new tour is consistent regarding distance by testing the equation 1 prescribing that the average distance
for the day tour must be equal to or greater than the difference between the maximum trip distance and
minimum trip distance of the same day tour. Finally, the day tour is appended to the motor electricity
consumption time series.
Distance consistency function:
Average(TourDistances) ≥Maximum(TourDistances)−Minimum(TourDistances) (1)
Figure 5: Motor electricity consumption time series flow diagram
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4.2 Grid availability time series
A BEV’s grid availability time series is created from the respective motor electricity consumption time
series. The first step consists of importing a time series as is shown in Figure 6. The imported time
series contains date-time, location, distance and consumption columns. To create the grid availability
time series, three empty columns are added: charging station location, charging station capacity, and
state of charge. The battery size and initial state of charge are set by assumption. Information about the
charging station is also provided, such as the charging efficiency and charging capacity. For each generic
location, a probability distribution of generic charging stations available is provided.
Next, different types of charging stations are allocated for each time step. The model first selects the
first row of the time series by reading the location name and identifies the consecutive time steps that
show the same location name until a driving step occurs. With the selected location, the corresponding
probability distribution is used to get a type of charging station by sampling. A charging station with
its respective charging capacity is allocated to each location. Once all the charging stations have been
assigned, the feasibility of the grid availability time series is tested.
The feasibility check takes into account two values at each time step. One is electricity consumed from
the battery by an electric motor that only occurs when the vehicle is driving, and the other is the charging
station capacity available at such time step. These values are used to calculate the state of charge of
the battery. The state of charge depends the state of charge of the previous time step, plus the energy
taken from the grid for charging in the current time step, minus the energy consumed from battery if the
vehicle in the current time step is driving. For the first time step, we use the an exogenously set initial
state of charge as the previous state of charge. To simulate the state of charge of the battery, we assume
a charging pattern as introduced in Section 2.4. With the state of charge calculated for all time steps,
the model verifies if each state of charge is between 0 - 100%. If so, the allocation of charging stations
through the time series allows to successfully create a grid availability time series; if not, a new allocation
is carried out. In case of many unsuccessful allocations, a warning message will provide information about
the issue. In general, this could be a consequence of a combination of three possible causes:
(i) An electric vehicle profile with long distance trips
(ii) Low availability of charging stations and/or low capacity available
(iii) Low battery capacity
12
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Figure 6: Grid availability time series flow diagram
4.3 Grid electricity demand time series
Figure 7 shows a flow diagram with description of the steps to create grid electricity demand time series.
(i) Immediate - full capacity
(ii) Immediate - balanced
(iii) Customized charging strategy
The diagram contains two main stages. Time series preprocessing is the first stage. The second stage
strategy simulation shows the steps considered for each charging strategy. The time series preprocessing
imports a grid availability time series. Location, consumption, and charging capacity columns are taken
into account, while two new empty columns are added: actual charging and state of charge. Actual
charging is the main value to be calculated for the grid electricity demand time series that represents the
electricity drawn from the grid to charge the battery. Information from the grid availability time series,
stored as metadata, is extracted to be used for the generation of grid electricity demand time series. This
13
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includes as battery size, initial state of charge, and charging efficiency.
In the second stage, the actual charging is calculated, based on the state of charge of the battery. When
the strategy selected is immediate - full capacity, the model starts iterating over all time steps sequence.
From the state of charge of the previous time step, the energy required to reach a 100% state of charge
in the current time step is calculated. Then the actual charging is obtained from the minimum value
between already determined value and the grid availability. Then an updated state of charge is calculated
by adding the energy of the actual charging. If the current time step corresponds to driving, then the
actual charging is zero, and the electricity consumed by the motor and provided from the battery is
subtracted from the state of charge. As the name suggests, this charging strategy consists of going
through each time step of the time series; as soon as charging capacity is available, it charges at the full
capacity, and the actual charging is only lower than the maximum power rating of the charging station
when the energy required to reach 100% is lower in this time step.
The immediate - balanced charging strategy is largely similar to the above. The main difference is when
the model is carrying out the iteration over all time steps sequence, the model identifies the number
of time steps that a vehicle is in the same location. Also, the energy required to reach a 100% state
of charge is calculated and the resulting value is divided by the number of time steps that the vehicle
remains parked. The actual charging equals the maximum power rating only in case a 100% state of
charge cannot be reached before the next trip. Accordingly, the actual charging often should be lower
than the charging station power rating when the vehicle is connected for several hours.
The customized charging strategy may lead to different grid electricity demand time series. This strategy
is passed to the model as a string of characters, e.g., From 23 to 06 at home. In this example, the actual
charging has to occur between the time range defined in hours of the day and when the vehicle is at the
predetermined location home. In this case, the actual charging is calculated by taking into account the
balanced configuration, which stands for identifying a charging capacity that enables a vehicle’s battery
to reach 100% state of charge at a constant power rating to every time step while a vehicle is in the same
location. It may, however, occur that this constraint is overly restrictive, which could lead to a negative
state of charge in the time series. Only in such cases, the model may decide to charge the battery outside
the boundary defined by the customized charging strategy.
14
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Figure 7: Grid electricity demand time series flow diagram for the three charging strategies [immediate
- full capacity, immediate - balanced, and customized charging strategy]
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Code availability
The tool can be installed from the Python Package Index (PyPI) (https://pypi.org/project/emobpy/).
The code is provided under a permissive license in Zenodo [18]. We also provide the script created to gener-
ate the 200 BEV profiles for the current case study (https://gitlab.com/diw-evu/emobpy/emobpy examples).
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